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Overview of Estimation

System
unknown state

control + noise
sensor measurements

(noisy)

• Purpose: Estimate the state of the system

• Information: Estimator may use one or more of:

– system model: predicts next state
– measurements: provides evidence about state
– control: input into the system

• Example: Rover pose estimation

– state: position of rover (x, y, heading)
– system model: dynamic / kinematic model (nondeterministic)
– measurements: encoders, IMU yaw rate (noisy)
– control: arc drive 1m, 20 deg, turn in place 45 deg (noisy)
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Overview of Kalman Filtering

Update
sensor model(s)

Propagation
system model

Particular type of estimator

• provides optimal state estimate (minimizes the mean-square estimation error)
• keeps track of uncertainty in state estimate

Propagation:

• using: current state, system model
• produce: estimate of next state
• system model: how state changes as a function of dynamic / kinematic

model and control input

Update:

• using: measurements and sensor models
• produce: updated state based on sensor readings
• sensor model: given a state, what sensor reading(s) are expected 2



Overview of Current Estimator (FIDO Algorithm)
Role: Provide 3DOF pose estimation for rover (x, y heading)

Input:

• drive command
• wheel encoders
• Inertial Measuring Unit (IMU)

– currently using only one gyro (yaw rate)

Design: Two-tier Kalman Filter

Tier 1: while stationary
• uses IMU yaw rate
• estimate IMU yaw rate bias using KF

Tier 2: while moving
• uses corrected IMU yaw rate and wheel encoders
• fuse IMU yaw rate and encoder estimations within KF
• estimate change in rover x, y and heading
• integrate x, y and heading to keep track of 3DOF pose

Assumption: rover moves in short increments so bias estiamte is valid during move
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Design of Current Estimator
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Overview of Two Tier Design

dx
dy
dh

Rover Pose
Virtual Sensor x

y
h

dtl
dtr

turn_mode

IMU Relative
Heading

yaw rate bias

Tier 1

Locomotor

Tier 2

yaw rate

yaw rate
Kalman Filter 1 Kalman Filter 2

IMU
dh

Kalman Filter 1

IMU Kalman Filter 1
dx
dy
dh

dtl
dtr

turn_mode

yaw rate

yaw rate
bias

+
−

dh

Locomotor

x
y
h

Tier 2Tier 1

5



KF Tier 1: Estimating Yaw Rate Bias

• Linear Kalman Filter

– runs when rover is stationary

• System model when bias is stationary: next state (i.e. bias) is same as
previous state

dbias(t)
dt

= 0 + wbias(process noise)

• Sensor model: if yaw rate bias is b, expect yaw rate measurement b

zbias = bias + ubias(measurement noise)

• Assumption: rover moves in short increments so the bias estimate is
valid during move

6



Computing IMU Relative Heading

• While rover is stationary

– estimate yaw rate bias

• While rover is moving

– sample yaw rate
– subtract estimated yaw rate bias
– heading += yaw rate * sample interval
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Vehicle Kinematic Model – Arc or Straight Driving
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• Define virtual middle wheel with parameters:

α = dθl+dθr
2 velocity

u = dθl−dθr
dθl+dθr

angle

• State equations:

dx(α)
dα
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Vehicle Kinematic Model – Turn In Place
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• Define virtual middle wheel with parameters:

α = dθl−dθr
2 velocity

• State equations:

dx(α)
dα

=


dX(α)
dα

dY (α)
dα

dφ(α)
dα

 =

 0
0
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
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KF Tier 2: Estimating Delta X, Y and Heading

• Extended Kalman Filter

– runs when rover is moving

• System model: see previous slides

• Sensor model: relates rover pose to IMU relative heading

– if delta heading is θ, expect IMU relative heading to be θ
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Rover Pose Virtual Sensor

• While rover is moving

– get IMU relative heading
– get wheel encoder deltas and move mode from locomotor
– propagate/update Kalman Filter
– get delta pose (delta x, delta y, delta heading) from Kalman Filter
– pose += delta pose * interval

11



Overview of Proposed Design (in progress)
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Design Goals

• Focus is on developing infrastructure for estimators

– not to design specific estimators

• Make it easier to build new estimators

– estimator class hierarchy
– represent measurements and sensor models
– represent system models
– separate propagation and update cycles
∗ may run at different frequencies

– separate individual sensor updates
∗ sensors can run at different frequencies

– infrastructure to enforce task frequencies

• Make it easier to use estimators in other parts of system

– represent virtual sensors
– create estimation adapters/translators
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Generic Estimator

Estimator

#update(): void

+get_state(): Vector

<<Interface>>

Measurement

+get_mz(): Vector

+is_data_available(): boolean

<<Interface>>

Control

+get_control()

Calls update at specified frequency
(or only when client calls it (POLLED mode).

Provides hooks for what to do at update.
Each subclass must implement update.

IMU_Yaw_Rate_Adapter IMU_Heading_VS_Adapter

Translates sensor readings
into a vector for use
with an Estimator

Sun_Sensor_Adapter

Translates control/command
into a vector for use
with an Estimator

0..*

0..1

Drive_Command_Adapter

• Few assumptions made about how estimation is performed

– use of control and measurements

• Actual estimators created by refining Estimator class

• Measurement interface

– translate sensor reading into vector
– report if fresh sensor reading is available

• Control interface

– translate command into vector
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Example Estimator Refinements

Estimator

#update(): void

+get_state(): Vector

Bayesian_Estimator Maximum_Likliehood_Estimator Kalman_Filter_Estimator

+update(): void

+propogate(): void

<<Interface>>

Measurement

+get_mz(): Vector

+is_data_available(): boolean

<<Interface>>

Control

+get_control()

IMU_Yaw_Rate_Adapter IMU_Heading_VS_AdapterSun_Sensor_Adapter

0..*

0..1
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Generic Kalman Filter
Estimator

#update(): void

+get_state(): Vector

Kalman_Filter_Estimator

+update(): void

+propogate(): void

<<Interface>>

Measurement

+get_mz(): Vector

+is_data_available(): boolean

<<Interface>>

Kalman_Filter_Sensor_Model

+do_mz_model(x (state): Vector): Vector

+get_mz_model_jacobian(): Matrix

+get_mz_noise_covariance(): Matrix

+get_mz_noise_jacobian(): Matrix

<<Interface>>

Kalman_Filter_System_Model

+do_state_transition(x (old state): Vector, u (control): Control): Vector

+get_state_transition_jacobian(): Matrix

+get_process_noise_covariance(): Matrix

+get_process_noise_jacobian(): Matrix

+set_state_transition_type(type: State_Transition_Type): void

+get_state_transition_type(): State_Transition_Type

<<Interface>>

Control

+get_control(): Vector

Each Kalman Filter must have
exactly one System Model.
It is used during propogation.

<<type>>

State_Transition_Type

+final CONTINUOUS: int = 0

+final DISCRETE: int = 1

A Kalman Filter has zero 
or more Sensor Models.
These are used during 
update.

0..*

0..*

0..1

Covariance propogatoin
function to use depends on
state transition type.

• System Model interface:

– performs state transition
– provides system noise information

• Sensor Model interface

– make sensor prediction
– provide sensor noise information
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Use of Periodic Tasks and Objects

• Enforces task frequencies

– wanrs if tasks take too long
– warns if tasks sleep too long

• Propogate task:

– propogate state
– propogate covariance

• Update task:

– for each sensor model:
∗ if data is available:
· get measurement
· update gain
· update state
· update covariance

Estimator

#update(): void

+get_state(): Vector

Kalman_Filter_Estimator

+update(): void

+propogate(): void

Periodic_Task

+set_frequency(freq: double): void

+add_object(obj: ): void

+stop(): void

+start(): void

Periodic_Object

+execute(): void

Estimator_Update_Object

+update(): void

Calls Estimator::update()

KF_Propogate_Object

Call Kalman_Filter_Estimator::propogate()

0..*
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Tier 1: IMU Heading Virtual Sensor

<<Interface>>

Measurement

<<Interface>>

Kalman_Filter_Sensor_Model

<<Interface>>

Kalman_Filter_System_Model

<<Interface>>

Control

+get_control()

IMU_ModelIMU_Bias_Model

IMU_Yaw_Rate_Adapter

IMU

IMU_Heading_VS

Periodic_Task Periodic_Object
0..*

Yaw_Integration_Task

Kalman_Filter_Estimator

0..1

0..*

Estimator

0..1

0..*
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Tier 2: Rover Pose Virtual Sensor

Estimator

Kalman_Filter_Estimator

<<Interface>>

Measurement

<<Interface>>

Kalman_Filter_Sensor_Model

<<Interface>>

Kalman_Filter_System_Model

<<Interface>>

Control

Vehicle_Model

Rover_Pose_VS

IMU_Heading_VS_Adapter

IMU_Heading_VSLocomotor IMU_Heading_Model

Periodic_Task

0..*

0..*

0..1

Periodic_Object

0..*

Pose_Integration_Task
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Translators for Using Estimators

Locomotor_State

Locomotor_Estimator

+get_loc(): Locomotor_State

Navigator

Rover_Pose_VS

• Provide convinient access to estimated values

• Example provides interface between Navigator and Rover Pose Estimator
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Overall Design

Estimator

#update(): void

+get_state(): Vector

Bayesian_Estimator Maximum_Likliehood_Estimator

Kalman_Filter_Estimator

#update(): void

+propogate_state(): void

+update_mz(): void

<<Interface>>

Measurement

+get_mz(): Vector

+is_data_available(): boolean

<<Interface>>

Kalman_Filter_Sensor_Model

+do_mz_model(x (state): Vector): Vector

+get_mz_model_jacobian(): Matrix

+get_mz_noise_covariance(): Matrix

+get_mz_noise_jacobian(): Matrix

<<Interface>>

Kalman_Filter_System_Model

+do_state_transition(x (old state): Vector, u (control): Control): Vector

+get_state_transition_jacobian(): Matrix

+get_process_noise_covariance(): Matrix

+get_process_noise_jacobian(): Matrix

+set_state_transition_type(type: State_Transition_Type): void

+get_state_transition_type(): State_Transition_Type

<<Interface>>

Control

+get_control(): Vector

Vehicle_Model

IMU_ModelSun_Sensor_Model

IMU_Bias_Model

Locomotor_State

Locomotor_Estimator

+get_loc(): Locomotor_State

Navigator

Matrix

<<type>>

State_Transition_Type

+final CONTINUOUS: int = 0

+final DISCRETE: int = 1

IMU_Yaw_Rate_Adapter IMU_Heading_VS_Adapter

IMU

IMU_Heading_VS

Sun_Sensor_Adapter

Sun_Sensor

Locomotor

IMU_Heading_Model

Periodic_Task

+set_frequency(freq: int): void

+add_Object(obj: Periodic_Object): void

+stop(): void

+start(): void

0..*

0..*

0..1

Periodic_Object

+execute(): void

0..*

Estimator_Update_Object KF_Propogate_Object Yas_Integration_Task Pose_Integration_Task

Rover_Pose_VS
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Sequence Diagram 1: IMU Heading
imu_yaw_bias_est : Bayesian_Estimator imu_bias_model : Bayesian_Estimator imu_yaw_rate_adapter : Bayesian_Estimator imu_model : Bayesian_Estimator imu : IMU imu_heading_vs : IMU_Heading_VS

 : do_state_transition (x, u)

 : x

 : get_state_transition_matrix ()

 : A

Propogate

 : get_process_noise_covariance ()

 : Q

 : is_data_avaialble ()

 : true

Update

 : get_mz_model_jacobian ()

 : H

 : get_mz_noise_covariance ()

 : R

 : do_mz_model (x)

 : suspend ()

 : resume ()

when moving

when not moving

 : get_state ()

 : x

 : get_yaw_rate ()

 : yaw_rate

 : get_state_transition_type ()

 : t

 : z’

 : get_mz()

 : get_yaw_rate ()

 : yaw_rate

 : z

 : do_state_transition (x, u)

 : x

 : get_state_transition_matrix ()

 : A

 : get_process_noise_covariance ()

 : Q

 : is_data_avaialble ()

 : true

 : get_mz_model_jacobian ()

 : H

 : get_mz_noise_covariance ()

 : R

 : do_mz_model (x)

 : suspend ()

 : resume ()

 : get_state ()

 : x

 : get_yaw_rate ()

 : yaw_rate

 : get_state_transition_type ()

 : t

 : z’

 : get_mz()

 : get_yaw_rate ()

 : yaw_rate

 : z
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Sequence Diagram 2: Rover Pose
Pose_Estimator : Bayesian_Estimator r8_vehicle_model : Bayesian_Estimator loc : Bayesian_Estimator imu_heading_vs_adapter : Bayesian_Estimator imu_heading_model : IMU_Heading_Model

Propogate

 : do_state_transition (x, u)

 : get_estimatino_inputs ()

 : motor_pos, turn_mode

 : get_state_transition_jacobian ()

 : A

 : x

 : get_process_noise_covariance ()

 : Q

 : get_process_noise_jacobian ()

 : WUpdate

imu_heading : IMU_Heading_VS

 : get_mz_model_jacobian ()

 : H

 : get_mz_noise_covariance ()

 : V

 : get_mz_noise_covariance ()

 : R

 : is_data_available

 : true

 : do_mz_model (x)

 : get_state_transition_type ()

 : t

 : z’

get_mz () : new action

 : get_heading ()

 : heading

 : z

 : do_state_transition (x, u)

 : get_estimatino_inputs ()

 : motor_pos, turn_mode

 : get_state_transition_jacobian ()

 : A

 : x

 : get_process_noise_covariance ()

 : Q

 : get_process_noise_jacobian ()

 : W

 : get_mz_model_jacobian ()

 : H

 : get_mz_noise_covariance ()

 : V

 : get_mz_noise_covariance ()

 : R

 : is_data_available

 : true

 : do_mz_model (x)

 : get_state_transition_type ()

 : t

 : z’

get_mz () : new action

 : get_heading ()

 : heading

 : z
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Open Issues / Questions

• Should the concept of a Virtual Sensor be more foramlized in the design?

• How will developments in Devices relate to the Estimation module?
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Conclusions

Contributions:

• new architecture for Estimation module
• improve ability to create and use new estimators

Future Work:

• implement design
• extend the set of estimators in CLARAty
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